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Abstract 
Research continues to correlate physical signals with 
mental activity, as opposed to physical activity, with 
physiological sensors. Further, with the proliferation of 
wearable technology, it seems imminent that our smart 
watches can soon keep track of our mental activity as 
well as our physical activity. Our research is working 
towards accurately measuring Mental Workload ‘in the 
wild’ using physiological sensors. While we work 
towards that goal, however, we have begun to explore 
the design aspects of representing personal cognitive 
data to users; analogous to a step counter for physical 
activity. We present the results of diary studies, focus 
groups, and prototyping exercises to identify design 
considerations for future cognitive activity trackers. 
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Introduction 
Many people are increasingly being encouraged to try 
and stay cognitively healthy, whether to avoid mental 
decline associated with ageing or to combat 
degenerative conditions [5,15], or simply to increase 
effectiveness in daily living, through cognitively 
stimulating activities [6], physical exercise [13] and by 
generally managing both work and rest e.g. improving 
sleep quality [1]. In other cognitive and emotional 
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 areas, apps exist to help people monitor their own well-
being through frequent self-assessments e.g. of mood 
[4] or to keep a health diary e.g. for headaches [8]. 
Furthermore, neurobiofeedback techniques such as 
EEG, have been studied as a potential therapy in a 
variety of clinical areas including cognitive function [2].  
Traditionally, self-assessment scales have been the 
most reliable and tested industry methods for 
measuring Mental Workload (MWL; the amount of 
mental effort required to complete a task) [7,16] and 
Emotional Response [3]. While EEG has been used to 
directly observe MWL in the brain [13], our own work 
has aimed to use Functional Near-Infrared 
Spectroscopy (fNIRS), which is tolerant in contexts with 
higher ecological validity [11]. Maior et al [12] recently 
used this technique to give people concurrent mid-task 
feedback on their MWL. More recently, however, much 
research seeks to identify cognitive and emotional 
changes by correlating physiological signals, such as 
MWL with heart rate variability [10], and stress through 
wrist-worn galvanic skin response [17]. These 
developments, along with emerging products, highlight 
that people will soon be able to monitor their own 
cognitive activity in the same way as physical activity.  
 
Figure 3: A sample of activities with high and low MWL ratings 
This paper reports on research focused on designing 
such a ‘fitbit for the brain’. While guidelines exist for 
personal informatics [9], cognitive data is very different 
from physical activity data. We ask: 1) What metaphors 
do people use when imagining MWL? 2) How do people 
use those metaphors to evaluate their day? And 3) How 
should MWL be best visualised for users to gain 
valuable insights into their cognitive activity?  
Stage 1: Diary Studies of Mental Activity 
A diary study was designed to capture natural 
retrospective participant conceptualisations of their 
MWL. 12 participants were asked to fill out a structured 
diary template every hour (during waking hours) for 
three days, which involved a) describing their main 
activities during the hour, b) identifying what caused 
the highest and lowest levels of MWL, c) rating those 
levels out of 6, and d) describing the experience of 
MWL for those activities. Participants were then invited 
to a concluding interview to review their diary entries.  
Diary Study Results 
Participants returned a total of 482 diary entries (~40 
each); some example ratings are included in Figure 3. 
During the interviews, participants described high MWL 
as: ‘When I have a heap of information in my head at 
once’ and ‘trying to juggle lots of thoughts, sometimes 
feel shaky/nervous’. When discussing activities rated 5-
6 in the diaries, participants used descriptors such as 
‘concentration’, ‘stressed’ and ‘cluttered’. Activities 
which resulted in the lowest mental workload levels of 
1-2 were browsing social networks, watching TV and 
playing game consoles. The majority of these tasks 
were performed after 4pm and although being rated 
low, would be the activity resulting in the highest 
mental workload for that hour. Words used to describe 
a low mental workload state when performing activities 
Figure 1: Continuous Representations 
Figure 2: Discrete Representations 
Various commercial products 
are becoming available. 
https://www.myfeel.co/ 
estimates emotional changes 
from a wrist band and 
https://spire.io estimates 
stress from breathing rates. 
 such as watching TV, or day-dreaming when walking 
home, included ‘auto pilot’ and ‘zoned-out’. Getting 
organised, planning for the day, and replying to emails 
tended to occur between 7- 9am, and was rated 2-3 by 
younger participants, but 4-5 for older participants.  
Some participants described MWL with more continuous 
metaphors (Figure 1), explaining it as “something on a 
spectrum which changes throughout the day”. One said 
“high mountain peaks of mental effort” were common 
where “the steepness of walk reflects rapid change 
intensity”. 30% of participants associated high MWL 
with the colour red, and low with blue; one participant 
directly used a thermometer metaphor as a scale. A 
second group of metaphors were more typically 
discrete concepts (Figure 2), that referred e.g. to being 
able to handle a fixed number of tasks. Some 
suggested they had a capacity for a number of things 
they could “juggle”, whilst one participant described 
their brain as filled “with too many task bubbles”. 
Stage 2: Focus Groups 
Four focus groups, including some participants from 
stage 1, were organised to discuss design ideas in more 
detail. Focus groups went through four initial stages to 
develop a deeper consideration for design concepts: 1) 
discussing what MWL is, 2) listing activities for high and 
low MWL, 3) interpreting diagrams drawn from stage 1, 
and 4) drawing diagrams to represent example 
scenarios (Figure 4). Participants then discussed ideas 
at a deeper level to identify key design considerations.  
Positive and Negative Mental Workload 
Groups discussed both merits and concerns with having 
high MWL. A member of group 1 (see Figure 5) said “I 
had two lines – one for mental workload and one for 
general enjoyment of the situation. I think they’re two 
different things and having a high mental workload 
doesn’t mean you’re not enjoying the task – I like 
maths problems but it can be pretty difficult and so I 
put them on two separate lines”. This discussion 
highlighted an important design consideration: that 
productive high MWL was considered a positive aspect 
when working on a task, but prolonged high MWL was 
typically considered a bad thing. Likewise, prolonged 
low MWL was considered a negative, but most wished 
to have periods of low MWL between high activity.  
Baselines and Targets for Mental Workload 
In relation to positive and negative MWL, both 
baselines and targets were used to highlight what was 
good and bad. Some participants considered that the 
ideal mental activity was not ‘low’, but around a low-to-
middle amount of activity (Figure 6), where users 
should enjoy periods of rest below the baseline and 
work productively above it. Participants could then set 
targets relevant to their day, or indeed for times of day 
like during the morning, and in the evening. 
Counting both high and low MWL 
Rather than focusing on how high the MWL was, 
example targets were given that involve having a good 
distribution of MWL throughout the day. Compared to 
number to steps, a potential measure would be number 
of minutes in high, medium, and low MWL states.  
Stage 3: Prototypes 
Our more recent work has focused on developing 
usable prototypes for objectively and subjectively 
recording MWL data from participants. Figure 7 shows a 
functional prototype that uses galvanic skin response 
and heart rate data from a Microsoft band to estimate 
MWL. Initial machine learning models have been 
generated to estimate MWL state, which can also be 
Figure 6: Having a baseline 
shouldn’t be too low or too high. 
Figure 5: Enjoyment vs MWL. 
Figure 4: Focus Group: Scenario 
drawing exercise. 
 
 calibrated for the individual. This algorithm, and indeed 
the data from the Microsoft band, currently have 
limited accuracy. The prototype, however, embodies 
our design recommendations for a cognitive activity 
tracker, and can be demonstrated at the workshop.  
1) The live view shows a distribution of high, medium, 
and low MWL for the last 20 minutes, using size.  
2) Prolonged status in a single state causes the colour 
to fade (indicating that it is ‘worn out’). 
3) A diary view combines colour codes on a timeline 
with entries from the participant’s calendar, as well 
as any personal notes. 
4) A history view shows overall distributions of low, 
medium, and high MWL for each day. 
5) A configuration section allows users to set their 
ideal low, medium, and high MWL distribution, and 
calibrate the app with an N-back test.  
Ongoing and Future Work 
An ongoing challenge for this type of research, is that 
there is no clear ‘ground truth’ that can be used for a 
user’s current MWL level. Subjective techniques are 
either retrospectively summative, or intermittent and 
add MWL to the participant. Consequently, machine 
learning algorithms don’t have a clear target to aim for. 
One thread of our work continues, however, to take 
increasingly longitudinal in-the-wild measures of 
oxygenation changes in the pre-frontal cortex using 
fNIRS; our new fNIRS sensor is completely wireless. 
Physiological measures from wearable wristbands, 
taken at the same time, can then be correlated with a 
form of ‘objective ground truth’ produced by the fNIRS 
sensor. Further, we are embarking on a series of 
studies to take longer-term subjective readings of MWL 
in daily life using mobile diary apps (Figure 8). 
Conclusions 
In anticipation that estimating cognitive activity with 
wearable technology is an imminent possibility, as we 
do now with physical activity, we have embarked on a 
series of design research exercises. Using a diary 
study, interviews, and focus groups, we have collected 
examples of reflections on the Mental Workload 
associated with activities in everyday life. We have 
begun to identify key design considerations for 
cognitive tracking apps. In contrast to counting amount 
of physical activity, we expect that participants would 
benefit more from understanding how their time is 
distributed across different high, medium, and low 
Mental Workload states. This would allow users to 
benefit from knowing when they have worked hard and 
when they have taken a break from it. Further, setting 
targets for how these states are distributed would also 
allow e.g. people worried about mental decline to aim 
for higher levels of activity throughout the day. Our 
ongoing work is focused on a) using prototypes to 
evoke more detailed insights into everyday Mental 
Workload, b) taking objective measures of Mental 
Workload in the wild during longer periods, and c) 
evaluating machine learning approaches to estimate 
this objective data from wearable technology. 
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